SUMMARY
INTRODUCTION

Antigen-specific CD8
+ cytotoxic T cells act to clear the body of aberrant or infected cells by recognizing and responding to cognate antigen presented by MHC class I molecules. At any given time, a mixture of CD8 + T cells with a range of antigen experience is circulating throughout the body. Because each of these cells is also exquisitely specific for a very small subset of peptide antigens, an ability to probe the status of cells specific for a given antigen, either by stimulation with antigen or by direct identification with peptide-MHC multimers (Altman et al., 1996; Davis et al., 2011) , allows insight into the status of the response to that antigen. Furthermore, landmark studies of the correlation between surface marker phenotypes and overall functional capacity have identified reliable markers for antigen-naive and multiple subsets of antigen-exposed memory CD8 + T cells. That is, based on the average proliferative potential, cytotoxicity and the ability to produce cytokines, naive (CCR7 
CD45RA
+ ) cell subsets have been defined (Hamann et al., 1997; Sallusto et al., 1999) . Additional CD8 + T cell diversity was found in studies aimed at understanding long-lived memory versus short-lived effector cell fate decisions made by T cells responding to acute infection. IL-7R-expressing effector cells were found to be predisposed toward becoming long-lived central memory cells during LCMV or other viral infections in mice (termed memory precursor effector cells [MPECs] ). In contrast, cells expressing higher levels of CD57 and KLRG1 and reduced levels of IL-7R, CD28, and CD27 were found to be senescent, having reduced telomere length, proliferative capacity, and survival (termed short-lived effector T [Tsle] cells) (Kaech et al., 2003; Rutishauser and Kaech, 2010) . Exactly when and how this long-lived memory versus short-lived effector cell fate decision is made has been the subject of intense study, leading to the identification of some of the factors and molecular mechanisms involved (Gerlach et al., 2011; Rutishauser and Kaech, 2010; Sallusto et al., 2004) . However, we know much less about what determines which of the many different cytokines a given T cell is able to produce, whether the cell will be cytotoxic, or how this potential is related to its differentiation state or antigen specificity. A number of ways to functionally characterize cytotoxic T cells have been developed over the years, including in vitro target cell lysis (Brunner et al., 1968) , ELISPOT (Versteegen et al., 1988) , intracellular staining for expression of cytotoxic granule components (such as granzymes and perforin) (Peters et al., 1991) , staining of transiently exposed intravesicular CD107 molecules to probe for the cell's ability to secrete these components upon stimulation (Betts et al., 2003) , and intracellular staining for expression of activation-induced cytokine production (Betts et al., 2006; De Rosa et al., 2004; Waldrop et al., 1997) . The use of these techniques has revealed considerable heterogeneity in the functional capacity of CD8 + T cell populations and identified correlations between the extent of HIV-specific CD8 + T cell multifunctionality and the control of HIV viral load, suggesting a correlation between the diversity of T cell functionality and the quality of the response (Betts et al., 2006; Makedonas and Betts, 2011; Seder et al., 2008) . This correlation has also been observed in other systems such as Leishmania, adenovirus, and vaccinia virus vaccination (Darrah et al., 2007; Makedonas and Betts, 2011; Seder et al., 2008) and an antitumor response (Yuan et al., 2008) . However, multifunctionality has also been shown to increase after antiretroviral therapy of HIV-infected individuals, suggesting that it may be a proxy for reduced antigen load rather than response quality (Rehr et al., 2008) .
Although parallels have been drawn between multifunctionality and memory phenotypes (Rutishauser and Kaech, 2010; Sallusto et al., 2004) , it is difficult to discern just how many distinct cellular phenotypes there are and how they are related to one another without the ability to look simultaneously at many phenotypic markers, functional capacity, and antigen specificity in individual cells. Flow cytometry has reached a practical limit of $10-15 different parameters because of overlapping excitation and emmision spectra between different fluorophores, and thus new methods are needed. Particularly promising in this regard is the recently developed single-cell mass spectrometric (cytometry by time-of-flight or CyTOF) approach in which heavy metal isotopes are used to label antibodies and then labeled cells are analyzed by high throughput mass spectrometry to quantify 36 or more parameters at the single-cell level, with very little crosstalk between channels (Bendall et al., 2011; Ornatsky et al., 2006) . Thus, to produce a more in-depth picture of CD8 + T cell diversity via CyTOF, we assembled a panel of 17 cell surface markers that are variably expressed on human CD8 + T cells. We also surveyed for the induction of nine functional attributes, including six intracellular cytokines, CD107 (a measure of degranulation), and two cytotoxic granule components, perforin and granzyme B, and devised a method for generating metal-labeled peptide-MHC tetramers for the identification of antigen-specific T cells. These data showed that there were more than 200 functional phenotypes represented by distinct CD8 + T cell subsets, a nearly combinatorial diversity out of the 512 possible combinations of these 9 attributes. Staining with tetramers representing specific viral epitopes for CMV, EBV, and influenza showed that T cells from each specificity expressed many of these functional attributes (80-100) and although there was some overlap in their responses, there were many that are unique. Furthermore, when we analyzed this data for the three principal components that account for the most variation (3D-PCA), we found a reproducible pattern of phenotypic diversity in all six healthy adults surveyed, which recapitulates and expands upon what is known about differentiation and maturation in these cells, showing a continuum with many hundreds of potential niches. In summary, we find that CD8 + T cells exhibit a much greater degree of phenotypic and functional complexity than previously appreciated and that virus-specific cells draw on this diversity in ways that are characteristic of the pathogen.
RESULTS
Staining Panel Validation
After titrating antibody concentrations to optimize signal:noise for each marker, several approaches were taken to ensure that the antibodies used in this study maintained appropriate specificity. For several markers, such as CD45RA, CD45RO, CD27, CD62L, and CCR7, two-parameter dot-plot staining patterns consistent with those previously reported by fluorescence flow cytometry provided good evidence that these probes were reporting reliably (example in Figure 1 ). This strategy can also be employed more generally by looking at correlation matrices for all markers tested, where various surface and intracellular markers were correlated as expected from previous studies (not shown). Antibodies against inducible markers such as Figure S1 .
intracellular cytokines CD69 and CD107 were validated by testing for appropriate increases upon stimulation (Figure 2 ; Figure S1 available online). Finally, mouse lymphocytes were added to each experimental sample prior to staining. These cells were distinguished by the addition of an anti-mouse CD45 marker to the panel (Figure 1 ). Because most of the human marker antibodies used in this study were generated in the mouse, very little background staining was observed for these cells ( Figure S1 ). Sufficient signal:noise was an additional criterion for inclusion in the panel. In some cases, several commercial antibody clones were tested before identifying clones with sufficient signal as measured by mass spectrometry.
Phenotypic and Functional Assessment Strategy
After validating a phenotypic panel and creating CyTOFcompatible pMHC tetramer staining reagents and a tetramerenrichment approach (described below), we needed a good way to measure all of these parameters simultaneously.
PMA+ionomycin was used as a stimulus to elicit cytokine production and degranulation as a way to probe the functional capacity of each cell, while maintaining sufficient T cell receptor expression for subsequent peptide-MHC tetramer staining. For each donor, an unstimulated control sample was also included. After performing a stimulation time course (not shown), a 3 hr stimulus was used for all subsequent experiments. For consistency, all samples were frozen and thawed the day before stimulation allowing an overnight recovery period, which allowed for reinduction of CD62L expression that is lost after freezethaw (Costantini et al., 2003) . To maintain the utility of CD62L expression as a phenotypic marker after stimulation, TAPI-2, a metalloproteinase inhibitor that prevents stimulation-induced cleavage of CD62L, was included in the media during stimulation (Jabbari and Harty, 2006) . Both brefeldin A and monensin were included to prevent cytokine secretion and CD107 antibody degradation. We observed that this treatment also prevented upregulation of surface CD69 expression; however, probing CD69 intracellularly with the appropriate antibody clone (see Table S1 ) allowed us to detect substantial CD69 induction within the 3 hr stimulation time.
Principal Component Analysis
To handle the resulting large data sets, we employed principal component analysis (PCA) (Jackson, 1991) , which is widely used to facilitate the visualization of multidimensional data (reviewed in Genser et al., 2007) . For instance, it has been used to categorize gene expression profiles (Ringné r, 2008) , to identify groups of human gut microbiota (Arumugam et al., 2011) , to analyze the degree of helper T cell cytokine bias (Turner et al., 2003) , and to analyze B cell phenotypic progression (Bendall et al., 2011) . PCA works by taking data with a large number of parameters and deriving a smaller number of summary variables (principal components), which encapsulate most of the information of the original data so that it can be more readily displayed and interpreted. In contrast to clustering algorithms that group data into sets with similar properties and thus emphasize their commonality, the goal of PCA is to derive parameters that best describe (or explain) the variation in the entire data set. The effectiveness of this analysis can be quantified by calculating the relative amount of variation that each principle component describes (expressed as a percentage of the total variance; see Figure 3 ).
Here we used PCA as a way to distill the information from the 25 functional and phenotypic markers on PMA+ionomycin-stimulated T cells (see Experimental Procedures, Figure 3A ). In this analysis, the first two principle components account for approximately 50% of the variation, and adding the third covers about 60% ( Figure 3B ). Additional variance can be explained by using additional principle components. However, their contribution was small ( Figure 3B ) and plots with components four through six versus any of the first three components did not show any informative patterns (not shown). Therefore, we restricted our analysis to the first three components. Although this analysis is totally unsupervised, the apparent meaning of each component can be deduced based on previously defined CD8 + T cell subsets, with component 1 most closely tracking with the naive versus memory status of the cell, component 2 following the differentiation state, and component 3 mostly segregating variation within the central memory compartment ( Figures 3C-3E ). We then used the protein structure program PyMol (DeLano, 2002) to view these first three components in three dimensions, which enhances the ability to visualize the phenotypic complexity of the CD8 + T cell compartment. In particular, it revealed a folded Y-shaped pattern ( Figure 4A ; Movie S1 part 1), which we observed in all six subjects analyzed (Movie S1 part 2), with naive T cells at the base of the Y and short-lived effector cells and central memory cells forming distinct nodes at the tips of the Y. This pattern was robust, in that removing any one of the 25 parameters had no effect on its geometry ( Figure S2) . To determine the composition of each of these major clusters, naive (CD45RA Figure 4A ; Movie S1 part 1). It is interesting to note the arrangement of these subsets, which suggests a continuum of phenotypes connecting the naive and memory subsets (and a continuum of memory cells connecting Tcm cells to Tem cells, which were then connected to Tsle cells). The phenotypic marker expression and functional capacities associated with this memory cell progression are illustrated in Figures 4B and 4C , showing progressive loss in functional markers associated with central memory phenotypes (such as CD62L, CCR7, and CD27) and gains in expression of markers associated with later stage memory cell differentiation and senescence (e.g., increased CD57 and granzyme B together with loss of CD28). Note a decline in CD107, IFN-g, and TNF-a functional capacities at the end of this progression, indicative of functional exhaustion, whereas MIP-1b is maintained. The relationship between this phenotypic arrangement and cytokine or phenotypic markers can also be visualized by color-coding each cell by marker expression level (examples in Movie S1 parts 2 and 3) or by gating on selected populations ( Figure S3 , Movie S1 part 1). For instance, note that cells expressing the five major functions correlating with long-term nonprogression in HIV (Betts et al., 2006) were located within a small section of this phenotypic space within the Tem cell cluster ( Figure S3 ). Also interesting is that the cells producing the most IL-2 were confined to the Tcm cell compartment (Figure S3 , Movie S1 part 2) even though IL-2 production was not required to identify this subset of cells ( Figure S2 ).
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Combinatorial Cytokine Expression by CD8 + T Cells Unlike cluster analysis-based approaches, such as the SPADE approach (Bendall et al., 2011) , no arbitrary groupings were made with 3D-PCA; instead, all cells were represented and the relationship between the phenotypes of each cell could be visualized on a single 2-or 3-dimensional plot. This serves the purpose of identifying major cell subsets without biases other than the choice of markers and to discern their overall characteristics and interrelatedness.
Combinatorial Diversity of Functional Capacity
We also analyzed these CD8 + T cells according to their functional capacity, which is the standard way in which subsets of effector T cells are defined. Here we ask whether CD8 + T cells fall into a limited number of cell types or are more diverse, as recently suggested (Ma et al., 2011) . Thus we surveyed the expression of nine different functional attributes: six different cytokines, two cytotoxic granule components, and CD107, a degranulation marker in cells stimulated with PMA and ionomycin. We used Boolean gating to distinguish positives versus negatives for each of the cellular functions we measured. For seven functions, (TNF-a, interferon-g, MIP-1a, MIP-1b, IL-2, GM-CSF, and CD107), the positive gate was defined by the 99 th percentile intensity of unstimulated cells (Figure 2A ). After stimulation with PMA+ionomycin ( Figure 2B ) or with anti-CD3±CD28 (not shown), significant increases in signal were observed for at least a subset of cells for all seven of these functions. For the expression of granzyme B and perforin, mouse cells were used as an internal negative control to delineate positive staining criteria ( Figures  2C and 2D ). For these 9 cellular functions, there were 512 possible combinations. Here we found that 151 distinct functional combinations could be found on cells that constitute at least 0.5% of the total and 242 when cells at frequencies at or above 0.1% were included ( Figure 5A ).
The use of anti-CD3 or anti-CD3+anti-CD28 as the stimuli reduced the number of functional variants to 97 and 129 (a 35% and 15% reduction in combinations occupied by >0.5% of the cells, respectively) ( Figures 5A-5C ), but revealed additional diversity when both phenotypic and functional data were considered by PCA ( Figures 5D-5F ). That is, new clusters of cells can be identified that have reduced responses in various functions when stimulated through CD3 compared to PMA+ionomycin, indicating an impairment in signal transduction. For instance, a large fraction of the terminally differentiated (PC2-low) cells have reduced functionality when stimulated by anti-CD3 or anti-CD3+anti-CD28, suggesting a role for TCR signaling defects in T cell exhaustion (see Figures S4 and S5 ). These differences may also be due to differences in signal transduction or cell death associated with stimulating with PMA+ionomycin compared to anti-CD3±anti-CD28. Indeed, cell death induced by TCR stimulation was influenced by T cell differentiation status (Russell et al., 1991) . However, within a 3 hr stimulation, we do not expect that cell death is a major factor in these experiments. Another considerable fraction of cells, which overlap with the central memory compartment (PC2-high), showed a clear dependence on CD28 for cytokine production compared to later stage effectors (PC2-low), which were much less affected by CD28 stimulation. We conclude that CD8 + T lymphocytes are able to express a combinatorial diversity of effector molecules. We also expect that if we used additional functional markers, such as other cytokines and chemokines that CD8 + T cells produce, then we could see considerably more cell types.
To compare the functional potential of various subsets of cytotoxic T cells previously defined by surface marker expression, we performed the same analysis on cells gated by surface marker phenotype, as described above. Despite this stringent 
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Combinatorial Cytokine Expression by CD8 + T Cells gating scheme, considerable diversity in functional capacity was observed in each cell subset (Figure 6 ).
Phenotypic and Functional Analysis of Virus-Specific Cells
The relevance to an immune response of these subsets can be further investigated by peptide-MHC tetramers (Altman et al., 1996) , which label T cells according to their antigen specificity.
To adapt the tetramer technique to CyTOF, we used a previously described streptavidin variant with C-terminal cysteines (Ramachandiran et al., 2007 ) that we labeled with chelators via maleimide chemistry and then added the particular metallic elements.
To enable the efficient enrichment of tetramer-labeled T cells (Day et al., 2003) , we also added a c-myc tag to the beta-2 microglobulin on the class I MHC molecules ( Figures 1E and 1F) . HLA-A2 and -B7 tetramers loaded with the appropriate peptides (see Experimental Procedures) were used to identify T cells specific for an influenza epitope ( Figures 1E and 1F ), several cytomegalovirus (CMV) epitopes ( Figure S6 ), and several Epstein-Barr virus (EBV) epitopes ( Figure S6 ). Analysis of the combinatorial diversity of functional capacity and 3D-PCA for these cells compared to the bulk CD8 + T cell compartment highlights the fact that flu-, EBV-, and CMV-specific cells occupy distinct phenotypic and functional niches (Figure 7 ; Movie S1 part 4). For example, very few of the flu-specific TNF-a-producing cells also make MIP-1b compared to EBV-or CMV-specific cells, a smaller fraction of the CMV-specific cells make IL-2 compared to flu-or EBV-specific cells, and multifunctional fluspecific cells are skewed toward making GM-CSF at a higher frequency compared to the other specificities or the total CD8 + lineage ( Figures 7A-7C) . With respect to the diversity of these functional attributes, antigen-specific cells are more focused These different phenotypes probably reflect the characteristics of the pathogen. Indeed, with some variation, most EBVspecific cells (a chronic infection) had Tem cell-like phenotypes (with some cells resembling late-stage effector [Tsle] cells in some individuals); in contrast, most flu-specific cells (an episodic infection) had Tcm cell-like phenotypes, and CMV-specific cells (a highly immunogenic chronic infection) had the functional properties of both late-stage effector and effectory memory cells ( Figures 7D-7F) , depending on the individual and epitope.
However, not all of the functional capacities we observe can be easily explained by a simple differentiation scheme. For example, in instances where we could identify T cells specific for more than one epitope from the same virus (CMV or EBV) in the same individual, we found that the phenotypes and functional capacities of these T cells were often different, with some skewed toward later-stage effector phenotype and others more of a effector-memory phenotype ( Figure S6 ). This skewing may be related to antigen expression patterns or to the epitope's placement within a dominance hierarchy (which has previously been shown to influence the relative contribution to protection from CMV infection) (Ouyang et al., 2003) .
CMV-, EBV-, and Flu-Specific Cells Are Excluded from a Branch of Central Memory-like Cells As described throughout this study, four major groups of cells were seen for PMA+ionomycin-stimulated CD8 + T cells as described by the first two principal components. When the third principal component was taken into account, we found additional variation within the central memory compartment at the tip of the folded ''Y'' (upper right of Figure 4A ; Movie S1 part 4). None of the CMV-, EBV-, or flu-specific tetramers stain CD8 + T cells in this segment in any of the subjects tested. Further investigation into the defining features of this population revealed that CD49d-negative cells were also restricted to this compartment (CD49d-negative cells are also present in the naive cell cluster, not shown). CD49d (a4 integrin, VLA-4) is a component of a cell surface adhesion molecule involved in cellular trafficking. Thus, it is possible that all of the virus-specific cells being studied here are using this integrin for trafficking purposes. Although CD49d negativity is a striking feature of this subset, excluding CD49d from the analysis (as in Figure S2 ) does not eliminate this population, showing that it is not the only defining feature of this subset. Another intriguing aspect of these data is that there is a large region of the Tcm cell compartment that is not populated by any of the virus-specific T cells. This compartment can be visualized by plotting PC2 versus PC3 after removing the naive cell compartment (not shown) or in the 3D-PCA visualization (Movie S1 part 4, this branch is highlighted by a white arrow).
DISCUSSION
We showed here that CyTOF technology can be used to characterize the phenotypic and functional complexity of a single type of lymphocyte, CD8 + T cells, to an unprecedented degree. We also showed that we can adapt peptide-MHC tetramer technology to this system for both identifying and enriching for antigen-specific T cells. Although the metal-labeled probes used here sometimes produced a lower signal compared to their fluorescent counterparts, this was more than made-up for by the lower background and the lack of crosstalk between labels.
A major goal of this study was to probe the relationships between surface marker phenotypes, functional capacities, and antigen specificities of cytotoxic T cells. Previous studies used surface marker correlates of functional, proliferative, and survival capacity to define naive, central memory, effector, and effector memory T cells (Hamann et al., 1997; Sallusto et al., 1999) . Subsequent studies looking at a few more indicators at 
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Combinatorial Cytokine Expression by CD8 + T Cells a time have complicated this view and hypothesized that these subsets could be further segregated by taking additional markers into account such as the expression of costimulatory molecules CD27 and CD28 (Romero et al., 2007; Rufer et al., 2003) , granule components, granzyme A, granzyme B, and perforin (Takata and Takiguchi, 2006) , or other markers such as CD57 (Strioga et al., 2011) or KLRG-1 (Bengsch et al., 2010 ).
Here we have probed all of these markers simultaneously and used 3D-PCA to generate an unbiased view of how these types of CD8 + T cells are related to each other. Our approach also takes into account the functional capacity of each cell and allows for the fact that many of the markers being probed here are also expressed in a graded fashion. What we found, as discussed in more detail below, is that common definitions of naive, central memory, effector memory, and terminal effector subsets correspond to phenotypic clusters in our analysis. However, there are a range of cells with intermediate phenotypes that connect these clusters to form a continuum, which is especially apparent for memory cells. We also observe exceptional cells that fit classical definitions of a given subset, yet stray beyond the apparent bounds of the corresponding node in the 3D-PCA analyses. For instance, a small fraction of the cells that fit the classical definition of naive do not fall within the main naive cell cluster by PCA and may represent nonclassical memory cells, such as those recently described (Gattinoni et al., 2011) . One of the challenges of using this technology is to organize the data in an informative way with 25+ functional and phenotypic markers that we used here. The magnitude of this problem is seen in that whereas there are approximately 4,000 possible combinations of markers in a 12-color analysis, there are $33,500,000 in a 25 color one (according to the formula 2 N À 1). One way to display such large data sets is to use different forms of cluster analysis, and a variant of this called ''SPADE'' was recently used to interpret CyTOF data across the hematopoietic spectrum (Bendall et al., 2011) . This works well to show relationships between different cell types and to postulate potential new cell subsets. A drawback of this approach is that it emphasizes the similarities between cells and that the assignment of distinct cell types is somewhat arbitrary. As an alternative, we used principal component analysis, which seeks to account for the variation in the data set (in this case, between individual CD8 + cells) and combines the first three principal components into a 3D representation via a protein structure display program (PyMOL) (DeLano, 2002) that we call 3D-PCA. These first three PCA components account for nearly 60% of the variation of all markers probed and we find a common ''folded Y'' pattern in all six individuals analyzed. Because these were all healthy middle-aged adult aphaeresis donors, this pattern may change somewhat in younger and older individuals or if different antibody panels are used. Nonetheless, we observed a variably occupied yet remarkably common pattern for all donors tested, which has four general nodes that at least partially correspond to previously described general naive and memory subsets (Hamann et al., 1997; Sallusto et al., 1999) . However, most strikingly, it also shows a graded progression between the subsets, especially within the memory compartment. As discussed above, some markers are expressed in a relatively binary fashion that would be expected to produce a punctate pattern with discrete nodes representing common phenotypes. However, with all 25 markers taken into account, there is a blending of phenotypes, suggesting that there is a stochastic expression of these binary markers as the cells progress. Alternatively, the markers that are graded in expression may be acting to smooth the borders between discrete subsets that would have been defined by the handful of binary markers.
Looking at just the memory compartment and using the second PCA principal component, we see a phenotypic progression connecting cells resembling central memory cells to cells resembling terminal effector cells displaying signs of functional exhaustion at the extreme of this progression. Based on this progression, which fits well with what we know about how CD8 + T cells differentiate, we propose that principal component analysis used in this way can accurately define the differentiation state of a given cell and will be useful for identifying correlates of effective versus noneffective T cell-mediated immune responses. It may also offer better ways of accurately identifying ''exhausted'' T cells (Gallimore et al., 1998) , which has sometimes proven difficult for human T cells (Duraiswamy et al., 2011) .
Taking advantage of our ability to display the variation in three dimensions, we also observe an intriguingly diverging phenotype in the cells most closely resembling central memory T cells, which appears to represent a major bifurcation of CD8 + T cell differentiation (see arrow in Movie S1 part 4). These cells have decreasing IL-2 expression and are negative for CD49d (the a4 integrin trafficking receptor subunit). It is also notable that none of the flu-, CMV-, or EBV-specific cells were present within this compartment. It will be interesting to further probe this diverging population of cells to determine their make-up in terms of specificity and function.
Because T cell subsets are best defined by their functional capacity and because multifunctionality is thought to be hallmark of T cells providing effective immunity to viruses and other pathogens (Betts et al., 2006; Makedonas and Betts, 2011; Seder et al., 2008) , we took advantage of our ability to look at a large number of CD8 + T cell functional capacities simultaneously. For each cell we used baseline or background measurements to delineate cells as positive or negative for 9 different functions, leading to 512 possible combinations of functional capacities. We saw that more than 200 of these combinations were used in substantial numbers. Although we could classify these CD8 + T cells into more than 200 types and further describe each one, we prefer to use this data to make the general hypothesis that combinatorial diversity in functional capacity combined with diversity in surface marker phenotypes gives each CD8 + T cell a nearly unique role that can be tailored to the needs of the immune response. We also saw that when cells were stringently gated by their surface marker phenotype, considerable diversity remained in the functional capacities of each memory subset. Not surprisingly, each subset was markedly skewed. For instance, stringently defined central memory cells used more functional combinations including IL-2 and GM-CSF, whereas late-stage effectors used more functional combinations including granzyme B and/or perforin. Furthermore, when we focus on antigen specificity by using peptide-MHC tetramers, the combinatorial functional capacity within each antigen specificity probed was again skewed yet remarkably diverse. This skewing toward specific functional niches for each of these viral Immunity Combinatorial Cytokine Expression by CD8 + T Cells epitopes is most probably due the status of infection for each virus. Whereas EBV and CMV are chronic viral infections yielding ongoing responses of varying magnitude, it is likely that none of the healthy individuals tested had an active influenza infection, explaining the mostly central-memory-cell-like phenotype and combinatorial functional capacities of the flu-specific cells. In summary, we have utilized the power of the CyTOF system to reexamine the functional and phenotypic diversity of human CD8 + T lymphocytes. We have developed a visualization method, 3D-PCA, that robustly displays the phenotypic diversity of these lymphocytes in a distinct ''folded Y'' pattern, with the ends corresponding to known developmental stages (naive, etc.) and progression. This is significant because it shows that an unsupervised simultaneous analysis of 25 phenotypic and functional properties of human CD8 + lymphocytes generally agrees with previous classification schemes but also shows how these subsets represent nodes on a continuum of T cell phenotypes. Our analyses also objectively describe a memory cell phenotypic progression involving progressive gains and losses of surface markers and phenotypic capacities (both predictable and unpredictable), which we think is important for objectively defining the degree of T cell differentiation and exhaustion. By focusing specifically on nine known functional attributes, we also find that these are distributed in an almost random combinatorial manner, with more than 100 of a possible 512 combinations being used in significant numbers of cells (>.5%) and more than twice that if the stringency is lower. Many these combinations are expressed in viral epitope-specific T cells, as identified by peptide-MHC tetramer staining, showing that they are actively utilized, with different viral responses favoring different combinations. These data show that cytokine usage in CD8 + T lymphocytes is not confined to a limited number of distinct subsets, but rather is much broader and combinatorial in nature, allowing a great deal of flexibility in orchestrating an effective pathogen response. Lastly, these data also show the power of the CyTOF technology to enhance our understanding of and ability to analyze T cell responses in all their complexity.
EXPERIMENTAL PROCEDURES Cells
Leukocyte reduction system cones (LRS) containing peripheral blood mononuclear cells (from platelet aphaeresis donors) were obtained from the Stanford Blood Center according to IRB protocol. For the purposes of pMHC tetramer staining experiments, HLA-A2 or -B7 positive donor samples were typed and identified by the Stanford Blood Center. These samples were also serotyped for cytomegalovirus (CMV) infection status. For CD8 + enrichment by negative selection, the LRS samples were diluted to 20 ml phosphatebuffered saline (PBS) + 2% fetal calf serum before adding 750 ml of CD8 + -T cell RosetteSep cocktail (StemCell Technologies). The cells were further diluted with PBS + 2% fetal calf serum and ficoll-separated (Ficoll-Paque PLUS, GE Healthcare) from red blood cells and negatively selected cells before cryopreservation in 90% fetal calf serum + 10% DMSO. All samples were processed, CD8 + T cell enriched, and frozen prior to use.
Stimulation, Staining, and Data Acquisition Cyropreserved cells were thawed and washed with complete RPMI before overnight recovery at 37 C. After recovery, the cells were ficoll density separated to remove dead cells prior to stimulation. For stimulation, all cells were cultured for 3 hr at approximately 15 3 10 6 /ml in complete RPMI (10% fetal calf serum) plus 13 brefeldin A (eBioscience), 13 monensin (eBioscience), 2.5 mg/ml anti-CD107a, 1.25 mg/ml anti-CD107b (see Table S1 ), and 10 mM TAPI-2 (VWR International). For PMA+ionomycin stimulation, 150 ng/ml PMA + 1 mM ionomycin were added to the cells. For CD3 ± CD28 antibody stimulation, 100 ml of 1 mg/ml OKT3 anti-CD3 ± 5 mg/ml CD28.2 anti-CD28 (low endotoxin azide free format, Biolegend) were added to each well of NUNC 96-well ELISA plates in PBS and incubated at 4 C overnight before washing 33 with complete RPMI to block before addition of cells at 1.5 3 10 6 cells per well.
At the end of the 3 hr stimulation, cells were pipetted vigorously to remove adherent cells from the plate. At this point, 5 3 10 5 negative-control mouse red blood cell-depleted splenocytes were added to each condition. These cells serve as an internal control for nonspecific binding for all stains. These negative control cells also serve to ensure that cell doublets or other erroneous sources of crosstalk were not part of the analysis. These problems were apparent only in some preliminary experiments (cell acquisition rate too high, etc.); thus, this control was included but not critical for all experiments shown here. The combined stimulated human and control mouse cells were transferred to 96-well plates (or tubes), washed, and resuspended in cytometry buffer (PBS + 0.05% sodium azide + 2 mM EDTA + 2% fetal calf serum). The cells were then stained for 1 hr at room temperature at a cell density up to 3 3 10 8 /ml with approximately 100 nM pMHC tetramer and purified 5 mg/ml anti-CD16 + 5 mg/ml anti-CD32 to reduce nonspecific binding (BD Biosciences)-in some cases 20 mM desatinib (Sigma/Aldrich) was added to improve tetramer staining (Lissina et al., 2009) . After tetramer staining, the cells were transferred to ice for the duration of the staining. For tetramer enrichment, a sample of cells was taken for the pre-enriched fraction, and the rest of the cells were washed twice in cytomety buffer and stained with 30% v/v antimyc particles (Miltenyi Biotec) for 20 min on ice. The cells were then washed and applied to an LS size MACS enrichment column (Miltenyi Biotec), washed with 5 ml of cytometry buffer, and eluted with 5 ml cytometry buffer after removing the column from the magnetic field. Pre-enriched and tetramerenriched cells were then stained for 30 min on ice with a prepared cocktail of metal-conjugated surface-marker antibodies at concentrations found to be effective in prior antibody tests (see Table S1 for a list of antibodies used). After surface staining, cells were washed 13 and resuspended in 20 mM indium-115-loaded maleimido-mono-amine-DOTA in PBS (a sulfhydryl reactive trivalent cation chelating bifunctional ligand, Macrocyclics #B-272, mixed with 0.5 molar ratio of 115-indium chloride and stock solution dissolved in DVS ''L-buffer'' [DVS Sciences] at 1 mM, stable at 4 C and working much like commercially available amine-reactive Live/Dead staining reagents, Invitrogen). After 30 min on ice, the cells were washed 33 in cytometry buffer and resuspended in PBS + 2% paraformade (Electron Microscopy Sciences). After overnight fixation at 4 C, the cells were washed 23 in 13 intracellular staining permeablization buffer (eBioscience, Cat. 00-8333-56) and stained with a cocktail of intracellular antibodies (Table S1 ) on ice for 45 min, washed 23 in cytometry buffer, and labeled for 20 min at room temperature with 250 nM iridium interchelator (DVS Sciences) suspended in PBS + 2% paraformaldehyde. Finally, the cells were washed 23 in cytometry buffer, 23 in PBS, and 23 in distilled water before diluting to the appropriate concentration to achieve an acquisition rate <500 events/s on the CyTOF instrument. CyTOF data were acquired and analyzed on the fly, using dual-count mode (calibrated on the fly, combining pulse-count and intensity information) with noise-reduction mode turned off. All other settings were either default settings or optimized with tuning solution as instructed by DVS sciences. For cells that had undetectable levels of a given isotope (a zero value for a given parameter), the default setting on the software assigns these cells a random value between 0 and À1, creating a square distribution between 0 and À1. This makes histogram plots more manageable, maintaining an ability to appreciate the number of cells in the zero bins. This effect can be seen both in histograms and in density dot plots used in this study. It also has negligible or no effect on subsequent PCA or Boolean analyses.
Antibody Labeling
Purified antibodies (lacking carrier proteins) were purchased from the companies listed in Table S1 . The antibodies were labeled 100 mg at a time according to instructions provided by DVS Sciences with heavy metal-preloaded maleimide-coupled MAXPAR chelating polymers via the ''Pre-Load Method v1.1.'' pMHC Tetramer Production To produce the various biotinylated pMHC molecules, HLA-A*0201 or HLA-B*0702 was refolded with a UV-cleavable peptide, biotinylated, and purified as described (Bakker et al., 2008; Toebes et al., 2006) . After purification, the protein stock was stored in PBS + 50% glycerol at À20 C. For each peptide specificity, peptide exchange reactions were set up in 100 ml volumes, each containing 10 mM peptide and 100 mg/ml HLA-A2 or HLA-B7 protein in PBS. Peptide sequences used in this study were as follows. For HLA-A2: CMV, pp65 [482] [483] [484] [485] [486] [487] [488] [489] [490] , NLVPMVATV, FluM1/MP 58-66 , GILGFVFTL, Mart1 (altered Melan-A 26-35 A27L) (Sliz et al., 2001 ) ELAGIGILTV, GLCTLVAML, EBV-BRLF1 109-117 , YVLDHLIVV, EBV-BMLF1 259-267 , GLCTLVAML; for HLA-B7: CMV2, pp65 [265] [266] [267] [268] [269] [270] [271] [272] [273] [274] [275] , RPHERNGFTVL, CMV3, pp65 [417] [418] [419] [420] [421] [422] [423] [424] [425] [426] , TPRVTGGGAM, EBV-EBNA3A 379-387 , RPPIFIRRL. After a 20 min exposure to 365 nm UV irradiation with a Stratagene UV Stratalinker 2400, the protein was stored at 4 C overnight to complete the exchange. After overnight incubation to complete the peptide exchange, the protein was transferred to a tube for tetramerization by step-wise (>4 additions with 5 min incubations at room temperature between) addition of streptavidin to final 1:4 molar ratio.
Streptavidin Expression and Heavy Metal Labeling
Cysteine residues were introduced to the C terminus of streptavidin prior to recombinant expression, refolding, and purification as described (Ramachandiran et al., 2007) . After purification by size-exclusion chromatography, the protein was stored in 10 mM DTT in 20 mM HEPES (pH 7.2)-buffered saline and 50% glycerol before coupling. For heavy metal coupling, the protein was exchanged into 1 M NaCl, 500 mM HEPES (pH 7.2), 1 mM TCEP reducing agent, 10 mM EDTA, and 20 mM NaOH (streptavidin coupling buffer). 5 ml of heavy metal solution (DVS Sciences) was added to 20 ml streptavidin-coupling buffer and incubated at room temperature until most/all precipitation dissolved. 10 ml of protein in streptavidin-coupling buffer at 2.5 mg/ml was added to 1 vial of MAXPAR chelating polymer (25 mg streptavidin added to 0.2 mg of polymer), then the 25 ml metal solution was added to the same tube and incubated at room temperature overnight. The next day, the protein was exchanged into 20 mM HEPES (pH 7.2)-buffered saline with a 30 kDa cutoff protein concentrator (Millipore).
Data Analysis
After built-in cell-identifying software creates an FCS file, mass cytometry data can be analyzed in a manner very similar to standard flow cytometry data by FlowJo software (Treestar, Inc.). As has been described (Bendall et al., 2011; Ornatsky et al., 2006) , light scatter cannot be used to identify cell events by mass spectroscopy. Instead, DNA content and the ''cell length'' (indicative of the length in the burst of signal that is detected as cells pass through the plasma torch) parameters can be used to identify single-cell events. Next, the cells were gated on live CD8 + T cells with a heavy-metal-labeled cellviability marker and a heavy-metal-labeled CD8 antibody (see Figure 1 ). These events were exported to a tab-delimited text file with FlowJo v9.1 or v9.3.2 and further analyzed with scripts written in Matlab. In some cases the Matlab scripts produced text files containing additional principal componenent analysis parameters that were converted back to FCS files with a custom algorithm written in Java (generously provided by W. Moore). In other instances, the Matlab scripts produced pdb files read by PyMOL software (DeLano Scientific LLC) to produce quicktime movie files. All Matlab scripts started with transformation of data into logicle biexponential scaling as described (Parks et al., 2006 ) (also to allow comparison with FlowJo, which also used the logicle display method). Several functions were used. A correlation matrix heat-plot function based on the Matlab ''corrcoef'' function, a clustergram function based on the ''clustergram'' function, a principal component analysis function based on the Matlab ''princomp'' function that rescales the results for display and further analysis in FlowJo or PyMol, and a custom Boolean gating function for plotting the combinatorial expression of nine different T cell functions plotted as a 16332 log scale frequency heat-plot.
SUPPLEMENTAL INFORMATION
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